Abstract: Due to complicated and undefined systematic errors in satellite observation, data assimilation integrating model states with satellite observations is more complicated than field measurements-based data assimilation at a local scale. In the case of Synthetic Aperture Radar (SAR) soil moisture, the systematic errors arising from uncertainties in roughness conditions are significant and unavoidable, but current satellite bias correction methods do not resolve the problems very well. Thus, apart from the bias correction process of satellite observation, it is important to assess the inherent capability of satellite data assimilation in such sub-optimal but more realistic observational error conditions. To this end, time-evolving sequential ensembles of the Ensemble Kalman Filter (EnKF) is compared with stationary ensemble of the Ensemble Optimal Interpolation (EnOI) scheme that does not evolve the ensembles over time. As the sensitivity analysis demonstrated that the surface roughness is more sensitive to the SAR retrievals than measurement errors, it is a scope of this study to monitor how data assimilation alters the effects of roughness on SAR soil moisture retrievals. In results, two data assimilation schemes all provided intermediate values between SAR overestimation, and model underestimation. However, under the same SAR observational error conditions, the sequential ensembles approached a calibrated model showing the lowest Root Mean Square Error (RMSE), while the stationary ensemble converged towards the SAR observations exhibiting the highest RMSE. As compared to stationary ensembles, sequential ensembles have a better tolerance to SAR retrieval errors. Such inherent nature of EnKF suggests an operational merit as a satellite data assimilation system, due to the limitation of bias correction methods currently available.
Introduction
High resolution SAR data has been successfully applied to the estimation of spatially distributed surface soil moisture [1, 2] . One of the retrieval methods is to invert soil moisture by matching the backscattering model simulations with the measurements. To simulate the SAR backscattering with the Integral Equation Model (IEM), roughness information is required as a key input [3, 4] . The surface roughness in SAR retrievals is usually described as the surface RMS height, correlation length, and Auto-Correlation Function (ACF). These are usually estimated from field measurements of surface height. However, it is widely known that it is difficult to reasonably determine surface roughness in this way [1, 5, 6] . Contact instruments such as a pin profiler or a mesh board disturb the land surface before measuring the accurate roughness [1] . There are also parallax errors. Non-contact instruments such as lasers, photogrammetry, acoustic backscatter, infrared, or ultrasonic equipment are often interfered with external sources (e.g., wind effects), and sometimes cannot distinguish the effects of topography from optical reflectivity [7] . More importantly, regardless of whether the instruments are contact or non-contact, the roughness measurement in the field is not applicable to spatial estimation, due to a scale dependency [2, 5, 8] . Thus, as usual, an a priori assumption for roughness is made when simulating a backscattering model [9] . This assumption makes roughness one of main sources of uncertainty. After thorough literature reviews [10, 11] , it was suggested that SAR retrieval errors are mainly due to roughness (i.e., inversion errors) and that roughness-derived retrieval errors are inevitably present in SAR retrievals, due to spatial heterogeneity, scale discrepancy, roughness measurement errors, inversion errors, and parameterization errors.
Due to such retrieval errors in satellite observations, the bias correction is needed prior to a data assimilation that systematically integrates the model states with the observations [12] [13] [14] [15] . In the field of hydrology, the EnKF method has been widely used to assimilate the microwave-retrieved soil moisture observations into land surface models [16] [17] [18] [19] [20] [21] [22] . For bias corrections, the Cumulative Distribution Functions (CDF) matching has been used [23] . However, it does not always solve the problems, due to complexities of satellite observational errors. There are several issues [12, 24, 25] . For example, CDF matching aims for a long period of climatology error, although RMSE goals used for validation of satellite data are for instantaneous products. So, it does not consider seasonal dynamics. It also assumes independence from a type of sensors, consequently neglecting retrieval errors specific to instruments and retrieval algorithms used [26] . As it unconditionally converges towards the reference data selected, the analysis is usually vulnerable to the biases of reference data. This limitation is not trivial, as there is no perfect data set to rely on as the reference data. After a bias correction, systematic errors still remain in spatially heterogeneous SAR pixels.
Thus, it is beyond the scope of this study to optimize the roughness conditions at the single local point or to attempt to amend the SAR errors with an imperfect bias correction method that may produce larger errors. Instead, this study aims at assessing how the model states ensembles evolve in the sub-optimal but more realistic conditions for the SAR observational errors. This paper is organized as follows: In Section 2, the site description, land surface models, SAR retrievals, and data assimilation methods are introduced. In Section 3, results and discussions are provided. In Sections 3.1 and 3.2 the main determinants for SAR retrieval products are specified. In Section 3.3, the point-scale validation of SAR retrievals is provided along with that of the data assimilation analysis. The biases of SAR retrievals are further characterized in Section 3.4 by comparing them with the model. The EnOI and EnKF are compared in Section 3.5 with respect to SAR observational errors defined by Sections 3.1-3.3. The conclusion and summary are given in Section 4.
Methods

Several meteorological instruments for the Global Energy and Water cycle Experiment (GEWEX)
Asian Monsoon Experiment on the Tibetan Plateau (GAME-Tibet) were established at the Naqu site [27] . This local station is situated at a latitude of 31.3686 N and a longitude of 91.8987 E. The study domain is defined as the 3 kmˆ3.5 km area around station BJ on the flat plain [28] . The main land cover within the study domain is sparsely distributed short grassland in bare soil [8, 29] . The soil moisture profile was measured at depths of 0.05 and 0.20 m. The rainfall measured on a daily basis was previously shown by Lee et al. [29] and was assumed spatially uniform in this study domain.
This semi-arid region is of a particular interest, as it is difficult to present dry soils with both model and satellite. With respect to satellite retrievals over dry soils, de Jeu et al. [30] previously discussed that the relationship between soil dielectric constant and soil moisture is no longer linear at extremely low moisture contents. That is attributed to an increase in bonds between the soil particle surface and thin films of water surrounding them. With respect to the model, it was previously stated that it is difficult to detect dry soils, because the assumptions used for land surface parametrization or estimation of soil properties are no longer valid at extreme conditions [28, 31, 32] . Thus, by either models or satellite retrievals, there would be estimation errors over dry soils. For this reason, data assimilation is required for this site to provide the optimal estimates by systematically reducing errors arising from both parties.
Forecasts: Soil-Vegetation-Atmosphere Transfer (SVAT) Model
The SVAT model simulates a soil moisture profile by water balance. A detailed description of the land surface model scheme was previously provided by [32] [33] [34] . As shown below, soil moisture is "forced" by atmospheric circulation.
where, θ g is surface soil moisture in the top layer d 1 , 0.05 m in this study. The first term of right hand side in Equation (1) describes the surface atmospheric exchange activity, while the second term of that indicates water diffusivity. P g is the precipitation infiltrating into the deep soil layers. E s is the bare soil surface evaporation rate. τ is a time constant of 1 day. The surface soil variable C 1 and transfer rate variable C 2 in Equation (1) are dimensionless soil coefficients dependent on soil moisture and texture.
Equation (2) calculates depth-mean root zone soil moisture. P g adds moisture, while total evapotranspiration (i.e., a combination of E s and canopy transpiration E c from the root zone layer d 2 at a depth of 20 cm) and drainage Q withdraw it.
Observations: SAR Retrievals
Inversion
The Environmental Satellite (ENVISAT) Advanced Synthetic Aperture Radar (ASAR) data operated at C-band (5.331 GHz) and various incidence angles (16˝-43˝) were used. The VV-polarized swath 1P mode was at a medium resolution of 150 m and a grid spacing of 75 m, resulting in more than 5000 pixels over this study domain. The ASAR data were acquired approximately at 3:50 a.m. (UTC) for descending mode and at 3:50 p.m. (UTC) for ascending mode on Day of Year (DoY) 216 to 224. These days were selected because soils in a dry spell are not altered with other surface conditions changing over time, but we can isolate the effect of roughness only. The short consecutive period was selected for a short-range prediction.
The SAR retrieval was carried out by an inversion approach minimizing mismatches between the backscattering simulations and the measurements. To acquire the ASAR-measured backscattering, the images were calibrated with the Next ESA SAR Toolbox (NEST) software [35] . In parallel with those ASAR measurements, an Advanced Integral Equation Method (AIEM) model also simulated the backscattering coefficients. The AIEM model computes the backscattering coefficients as the sum of the Kirchhoff, the complementary, and the cross term [4, 8, 36, 37] .
where, subscript pp indicates the polarization, k is the wave number, and S is the RMS height. In addition, k x = ksinθcosϕ, k y = ksinθsinϕ, k z = kcosθ, k sx = ksinθ s cosφ s , k sy = ksinθ s sinφ s , and k sz = kcosθ s , where, θ s and φ s are the zenith and azimuth angles of the sensor, respectively. θ and ϕ are the zenith and azimuth angles of scattering, respectively. I pp n is a function of the Kirchhoff coefficient and the complementary field of re-radiated fields propagated through two different mediums, and W n is the Fourier transform of the nth power of the normalized surface correlation function. The AIEM includes the term of surface height at different locations (i.e., a phase factor) in Green's function and its gradient for multiple-scattering, implying that the upward and downward re-radiations are accounted for [3] . By contrast, a traditional IEM makes the assumptions that the dependency of Kirchhoff coefficients on a slope term is negligible and the local angle can be replaced by some other angles such as incidence angle, ignoring the spatial variability [4] . It simulated backscattering using various incidence angles and soil roughness (a range of RMS height and correlation length) generated in LUTs. For ascending mode, the correlation length ranged from 0.4 to 5.4 (increment: 0.2 cm) and the RMS height ranged from 0.1 to 1 (increment: 0.02 cm), while for descending mode the correlation length ranged from 0 to 5 (increment: 0.2 cm) and the RMS height ranged from 0.22 to 1.12 (increment: 0.02 cm). When the AIEM-backscattering that was simulated at three different incidence angles and roughness conditions described above are matched with the SAR-measured backscattering, those specific roughness conditions were selected. When using the ASAR data acquired at three different incidence angles on adjacent days, the time-invariance of roughness was assumed for those days [1, 11, 38] . To characterize the surface roughness of the grassland on site, an exponential ACF was selected in the AIEM model [9] .
Roughness Experimental Set-up
In addition to the original scheme (control group) described above, other roughness conditions (experimental group) were also manufactured to investigate the error propagation of roughness conditions. Specifically, DoY 221 was selected as it was the driest day of the season based upon field measurements of soil moisture. In a dry condition, the backscattering coefficient is affected mainly by roughness rather than other surface parameters such as the soil dielectric property. Thus, the backscattering coefficient measured on this fixed date was selected to carry out this roughness experiment, instead of time-series data that other conditions change over time (e.g., incidence angle, overpass mode, and soil dielectric constant besides roughness). In other words, it was considered that time-series data interfere with the interpretation of a direct relationship between roughness conditions and soil moisture retrievals.
The roughness ranges in the experimental groups were the derivatives from the optimal roughness in literature. More specifically, as shown in the "s scheme" column of Table 1 , the s scheme used a small increment at 0.02 cm, because of its high sensitivity of the RMS height [39] . The s schemes examine how much roughness errors are systematically propagated when the optimal RMS height is not included in LUTs. For example, s scheme #4 does not include the RMS heights of 0.38, known as the optimal value [8] . A detailed description of the EnKF theory and algorithm was previously provided [14, 17, 40] . In this paper, the Deterministic EnKF (DEnKF) is introduced as a sequential ensemble method. In the DEnKF scheme, there is no need to make a random perturbation of observations as in a traditional EnKF in order to prevent the premature reduction in ensemble spread. Instead, it introduces an adaptive inflation. The ensemble evolves forward in time, as follows [41] : where A is the ensemble anomaly (i.e., A i = X i´x , where x is the ensemble mean for X i , the ith ensemble member), superscript a is the analysis, superscript f is the forecast, K is the Kalman gain, and H is the observation operator that relates the model states to the observations. The EnKF provides the final analysis from the mean of the newly updated ensembles. It was previously demonstrated that the DEnKF scheme performed and converged better than a traditional EnKF [41] .
EnOI (Stationary Ensemble)
The EnOI scheme has an identical theoretical basis with the EnKF, except that it uses a stationary ensemble of model states [40, 42] . Instead of sequentially updating the whole ensemble, the EnOI propagates a single state, as follows [40] :
where X a is the analysis of model state, P is the ensemble covariance matrix, superscript T is the transpose, R is the observation error covariance, d is a vector of the observations, and α is a scaling factor (i.e., α P (0,1]. However, it was not used in this study due to relatively short time integration) for controlling the stationary ensemble. It is considered as a cost-effective way if appropriately optimized [41, 43] .
Experimental Set-up
Both EnOI and EnKF schemes used the same model ensembles for assimilating the SAR surface soil moisture observations (Section 2.2) into a SVAT land surface model (Section 2.1). The experimental set-up such as the generation of ensemble and observational error was previously provided by [28] and [32] . The ensemble size was 100 [22] . The variance for the observational errors was 0.01, based upon the RMSE of SAR surface soil moisture. Localization, scaling factor, and inflation were not used.
Results and Discussions
Through a validation, it was found that the time-average RMSEs of SAR soil moisture is 0.0946 m 3 /m 3 . Following sections discuss major determinants responsible for that SAR retrieval error. The potential factors considered include roughness uncertainty, and backscattering measurement errors.
Propagation of Roughness to SAR Retrievals
Impact of Roughness on the Relationship between Backscattering and Soil Moisture Retrievals:
Pixel to Pixel Correspondence Figure 1 corresponds the ASAR-measured backscattering to the surface soil moisture at the same pixel, which was retrieved differently by the various roughness regimes in Table 1 . Except the roughness conditions (i.e., RMS height), all other experimental conditions such as ACF, correlation length, soil dielectric constant, polarization, incidence angle, overpass mode, and frequency were designed to be the same in that figure.
It was shown that the detailed relationships such as slope or dispersion of data points vary by roughness conditions [10, 39] . Despite the small increment, the s scheme in sub-optimal conditions non-linearly propagated soil moisture retrievals, ultimately making the large spreadsSpecifically, s scheme #4 in Figure 1 largely deviated from other s scheme groups including optimal value in LUTs, although its increment is the same at 0.02 cm. This is considered because the s scheme #4 ranging from 0.4 to 5.4 cm does not include the optimal RMS height of 0.38 cm [8] . This finding of the non-linear amplification of the roughness errors under sub-optimal roughness conditions is consistent with previous studies [5, 9] . Table 2 also shows that a spatial average of soil moisture retrievals was largely altered by the s scheme. From Figure 1 and Table 2 , it was found that the RMS height has an inverse relationship with soil moisture [44] , implying that surface becomes smoother if soil porous media is filled with water. In other words, higher RMS heights (s scheme #4) estimated drier. It is considered that such an inverse relationship between surface roughness and soil moisture is attributed to a negative exponential function of roughness as shown in Equation (3) . Similarly to this result, previous studies [45, 46] also carried out the similar sensitivity analysis of the radar signal to various land surface parameters over short grass, and found that the most influencing parameter is the surface roughness. However, this impact may be different in different incidence angle or land cover conditions. The surface soil moisture was differently retrieved by various roughness schemes. In particular, each roughness scheme produced a different spatial distribution. To effectively illustrate the systematic propagation of roughness conditions, two schemes that have contrast with each other were selected and demonstrated in Figure 2 . For example, the s scheme #2 (Figure 2a ) reported several overestimations in the dry area, while the parts overestimated by s scheme #4 (Figure 2b ) were limited to the wet area only. Here, the "wet area" is defined as the area at latitude of 31.375 to 31.385, while "dry area" is a remaining part except the wet area. Considering that there had been no rainfall events for several days until DoY 221, that the field measurements also showed the driest condition on this day, and that the only difference between Figures 2a and 2b is roughness (in specific, correlation length is shown in Figure 2c , and RMS height in Figure 2d , respectively), it is evident that Figure 2a was over-estimated, due to roughness inversion errors. From that, it was suggested that lower RMS height (s scheme #2) estimated the wet area better than higher RMS heights (s scheme #4). In other words, the soil moisture retrievals were considerably overestimated by s scheme # 2 (Figure 2a Table 2 also shows that a spatial average of soil moisture retrievals was largely altered by the s scheme. From Figure 1 and Table 2 , it was found that the RMS height has an inverse relationship with soil moisture [44] , implying that surface becomes smoother if soil porous media is filled with water. In other words, higher RMS heights (s scheme #4) estimated drier. It is considered that such an inverse relationship between surface roughness and soil moisture is attributed to a negative exponential function of roughness as shown in Equation (3) . Similarly to this result, previous studies [45, 46] also carried out the similar sensitivity analysis of the radar signal to various land surface parameters over short grass, and found that the most influencing parameter is the surface roughness. However, this impact may be different in different incidence angle or land cover conditions. The surface soil moisture was differently retrieved by various roughness schemes. In particular, each roughness scheme produced a different spatial distribution. To effectively illustrate the systematic propagation of roughness conditions, two schemes that have contrast with each other were selected and demonstrated in Figure 2 . For example, the s scheme #2 (Figure 2a ) reported several overestimations in the dry area, while the parts overestimated by s scheme #4 (Figure 2b ) were limited to the wet area only. Here, the "wet area" is defined as the area at latitude of 31.375 to 31.385, while "dry area" is a remaining part except the wet area. Considering that there had been no rainfall events for several days until DoY 221, that the field measurements also showed the driest condition on this day, and that the only difference between Figure 2a ,b is roughness (in specific, correlation length is shown in Figure 2c , and RMS height in Figure 2d , respectively), it is evident that Figure 2a was over-estimated, due to roughness inversion errors. From that, it was suggested that lower RMS height (s scheme #2) estimated the wet area better than higher RMS heights (s scheme #4). In other words, the soil moisture retrievals were considerably overestimated by s scheme # 2 (Figure 2a) , showing several overestimations over the dry area as indicated by red points. On the other hand, the same dry area was appropriately estimated dry by s scheme #4 (Figure 2b ). There was a high sensitivity of roughness to final soil moisture retrievals.
Geosciences 2016, 6, 19 7 of 14 over the dry area as indicated by red points. On the other hand, the same dry area was appropriately estimated dry by s scheme #4 (Figure 2b ). There was a high sensitivity of roughness to final soil moisture retrievals. 
Propagation of ASAR Backscattering Errors on SAR Retrievals
To more systematically assess the magnitude of roughness inversion error propagations, the results in Section 3.1 were further compared with other sources of retrieval errors: backscattering measurement error (e.g., calibration errors, vegetation attenuation). Especially in arid or semi-arid regions covered with short grassland, as in the Naqu site of this study domain, the multiple backscattering effects from vegetation added to or subtracted from moisture in the underlying soil generate measurement errors. Studies [47] [48] [49] previously suggested a simple correction model for vegetation effects. However, in practice, it is difficult to widely apply that to diverse regions, because canopy and instrumental characteristics should be thoroughly specified.
Impact of Backscattering Errors on the Relationship between Backscattering and Soil Moisture
Retrievals: pixel to pixel correspondence To investigate the error propagation of backscattering, it was hypothesized that backscattering measurement errors range from ±1 dB to ±3 dB, based upon [1, 10] that suggested the similar measurement error ranges arising from vegetation effects or calibration errors of ENVISAT ASAR and ERS-1 SAR measurements (e.g., Impulse Response Function (IRF) measurements using ESA transponder and the ERS ground receiving station). To compare the error propagation of backscattering with that of the roughness measured in Section 3.1, the same date of DoY 221 was selected.
The results showed that the error propagation pattern is different, depending on whether ASAR backscattering was overestimated or underestimated. In Figure 3a , if the backscattering was erroneously overestimated by additive errors by +3 dB, the resultant soil moisture retrieval was overestimated by 
Propagation of ASAR Backscattering Errors on SAR Retrievals
To more systematically assess the magnitude of roughness inversion error propagations, the results in Section 3.1 were further compared with other sources of retrieval errors: backscattering measurement error (e.g., calibration errors, vegetation attenuation). Especially in arid or semi-arid regions covered with short grassland, as in the Naqu site of this study domain, the multiple backscattering effects from vegetation added to or subtracted from moisture in the underlying soil generate measurement errors. Studies [47] [48] [49] previously suggested a simple correction model for vegetation effects. However, in practice, it is difficult to widely apply that to diverse regions, because canopy and instrumental characteristics should be thoroughly specified. To investigate the error propagation of backscattering, it was hypothesized that backscattering measurement errors range from˘1 dB to˘3 dB, based upon [1, 10] that suggested the similar measurement error ranges arising from vegetation effects or calibration errors of ENVISAT ASAR and ERS-1 SAR measurements (e.g., Impulse Response Function (IRF) measurements using ESA transponder and the ERS ground receiving station). To compare the error propagation of backscattering with that of the roughness measured in Section 3.1, the same date of DoY 221 was selected.
The results showed that the error propagation pattern is different, depending on whether ASAR backscattering was overestimated or underestimated. In Figure 3a , if the backscattering was erroneously overestimated by additive errors by +3 dB, the resultant soil moisture retrieval was overestimated by 0.088 m 3 /m 3 . In the case of subtractive errors by´3 dB error, the ASAR backscattering was underestimated by 0.04 m 3 /m 3 . In Figure 3b , a spatial average of resultant soil moisture retrievals also linearly increased with the ASAR-measured backscattering. This is considered because an increase in ASAR-measured backscattering inverted higher dielectric constant, resulting in an increase in soil moisture. However, the spreads of backscattering in Figure 3 is not non-linearly amplified as much as the spreads between scheme #1 and #4 in Figure 1 . By measuring the propagations in Figures 1 and 3a , it was found that the effects of ASAR backscattering overestimation and possible vegetation attenuation are not as quantitatively large as the roughness propagation [10] .
Geosciences 2016, 6, 19 8 of 14 0.088 m 3 /m 3 . In the case of subtractive errors by −3 dB error, the ASAR backscattering was underestimated by 0.04 m 3 /m 3 . In Figure 3b , a spatial average of resultant soil moisture retrievals also linearly increased with the ASAR-measured backscattering. This is considered because an increase in ASAR-measured backscattering inverted higher dielectric constant, resulting in an increase in soil moisture. However, the spreads of backscattering in Figure 3 is not non-linearly amplified as much as the spreads between scheme #1 and #4 in Figure 1 . By measuring the propagations in Figure 1 and Figure 3a , it was found that the effects of ASAR backscattering overestimation and possible vegetation attenuation are not as quantitatively large as the roughness propagation [10] .
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Impact of Backscattering Errors on Soil Moisture Retrievals: spatial distribution
The spatial average of the additive backscattering error scheme was higher at 0.1592 m 3 /m 3 than that of the original SAR retrieval (Figure 4a ) at 0.1356 m 3 /m 3 , while that of the subtractive backscattering error scheme was lower than that at 0.1144 m 3 /m 3 . The original SAR backscattering is shown in Figure 4b . The spatial distribution of soil moisture retrieved with the ASAR backscattering hypothetically overestimated by 1 dB is illustrated in Figure 4c , while that of soil moisture hypothetically underestimated by 1 dB is shown in Figure 4d . 
Impact of Backscattering Errors on Soil Moisture Retrievals: Spatial Distribution
The spatial average of the additive backscattering error scheme was higher at 0.1592 m 3 /m 3 than that of the original SAR retrieval (Figure 4a ) at 0.1356 m 3 /m 3 , while that of the subtractive backscattering error scheme was lower than that at 0.1144 m 3 /m 3 . The original SAR backscattering is shown in Figure 4b . The spatial distribution of soil moisture retrieved with the ASAR backscattering hypothetically overestimated by 1 dB is illustrated in Figure 4c , while that of soil moisture hypothetically underestimated by 1 dB is shown in Figure 4d . 0.088 m 3 /m 3 . In the case of subtractive errors by −3 dB error, the ASAR backscattering was underestimated by 0.04 m 3 /m 3 . In Figure 3b , a spatial average of resultant soil moisture retrievals also linearly increased with the ASAR-measured backscattering. This is considered because an increase in ASAR-measured backscattering inverted higher dielectric constant, resulting in an increase in soil moisture. However, the spreads of backscattering in Figure 3 is not non-linearly amplified as much as the spreads between scheme #1 and #4 in Figure 1 . By measuring the propagations in Figure 1 and Figure 3a , it was found that the effects of ASAR backscattering overestimation and possible vegetation attenuation are not as quantitatively large as the roughness propagation [10] .
Impact of Backscattering Errors on Soil Moisture Retrievals: spatial distribution
The spatial average of the additive backscattering error scheme was higher at 0.1592 m 3 /m 3 than that of the original SAR retrieval (Figure 4a ) at 0.1356 m 3 /m 3 , while that of the subtractive backscattering error scheme was lower than that at 0.1144 m 3 /m 3 . The original SAR backscattering is shown in Figure 4b . The spatial distribution of soil moisture retrieved with the ASAR backscattering hypothetically overestimated by 1 dB is illustrated in Figure 4c , while that of soil moisture hypothetically underestimated by 1 dB is shown in Figure 4d . In any the ASAR backscattering error schemes, the overestimation of SAR retrievals over the dry area was similarly found, as indicated by several red points in Figures 4c,d . Rather, those overestimations were adjusted by roughness conditions in Section 3.1. Because the original ASAR backscattering measurement (Figure 4b ) as well as soil moisture retrieved by the s scheme #4 (Figure 2b) did not show such overestimation over the dry area, in contrast with other roughness conditions in Figure 2a , it was concluded that roughness is mainly responsible for the overestimation in the dry area rather than backscattering errors. From Sections 3.1, 3.2, and 3.3, it was found that the most influential factor in SAR error propagations is roughness, followed by ASAR backscattering overestimation and ASAR backscattering attenuation in descending order [10] .
Validation of SAR Retrievals and Data Assimilation Analysis at a Local Point Scale
In Figure 5 , to further assess the SAR errors, the field measurements are compared with SAR, and data assimilation results at a single pixel nearest to a local point station. The SAR overestimation was illustrated to be consistent with discussions above. The EnKF scheme and the EnOI scheme successfully mitigated the overestimation of original SAR retrievals by being diluted with a calibrated model showing the lowest RMSEs. In any the ASAR backscattering error schemes, the overestimation of SAR retrievals over the dry area was similarly found, as indicated by several red points in Figure 4c ,d. Rather, those overestimations were adjusted by roughness conditions in Section 3.1. Because the original ASAR backscattering measurement (Figure 4b ) as well as soil moisture retrieved by the s scheme #4 (Figure 2b) did not show such overestimation over the dry area, in contrast with other roughness conditions in Figure 2a , it was concluded that roughness is mainly responsible for the overestimation in the dry area rather than backscattering errors. From Sections 3.1-3.3 it was found that the most influential factor in SAR error propagations is roughness, followed by ASAR backscattering overestimation and ASAR backscattering attenuation in descending order [10] .
In Figure 5 , to further assess the SAR errors, the field measurements are compared with SAR, and data assimilation results at a single pixel nearest to a local point station. The SAR overestimation was illustrated to be consistent with discussions above. The EnKF scheme and the EnOI scheme successfully mitigated the overestimation of original SAR retrievals by being diluted with a calibrated model showing the lowest RMSEs. In any the ASAR backscattering error schemes, the overestimation of SAR retrievals over the dry area was similarly found, as indicated by several red points in Figures 4c,d . Rather, those overestimations were adjusted by roughness conditions in Section 3.1. Because the original ASAR backscattering measurement (Figure 4b ) as well as soil moisture retrieved by the s scheme #4 (Figure 2b) did not show such overestimation over the dry area, in contrast with other roughness conditions in Figure 2a , it was concluded that roughness is mainly responsible for the overestimation in the dry area rather than backscattering errors. From Sections 3.1, 3.2, and 3.3, it was found that the most influential factor in SAR error propagations is roughness, followed by ASAR backscattering overestimation and ASAR backscattering attenuation in descending order [10] .
In Figure 5 , to further assess the SAR errors, the field measurements are compared with SAR, and data assimilation results at a single pixel nearest to a local point station. The SAR overestimation was illustrated to be consistent with discussions above. The EnKF scheme and the EnOI scheme successfully mitigated the overestimation of original SAR retrievals by being diluted with a calibrated model showing the lowest RMSEs. 
Spatial Comparison between SAR Retrievals and Land Surface Models
A calibrated model is illustrated in this section to spatially characterize the systematic biases of SAR retrievals. Although the model is the best estimation in Figure 5 , the model usually contains uncertainties in input data quality for the spatial variability of rainfall and emissivity, the vertical heterogeneity of subsurface soil and hydraulic properties, or land surface parameterization [32] . However, such model uncertainties were considered to be removed in this study by a calibration, based upon the lowest RMSEs (0.0259 m 3 /m 3 ) in Figure 5 . A detailed calibration scheme was previously provided by [28] .
The entire study area was estimated to be mostly dry by a calibrated SVAT model in Figure 6a , while the SAR-retrieved surface soil moisture in Figure 6b was estimated to be much higher than that. The model estimation of those was considered more reliable, based upon the time-average field measurements of soil moisture at 0.0614 m 3 /m 3 during experimental period, and the lowest RMSEs in Figure 5 . A spatial average of SAR surface soil moisture was much higher at 0.1140 m 3 /m 3 than that of a calibrated SVAT model at 0.0565 m 3 /m 3 . This SAR overestimation in Figure 6b is attributed to the roughness inversion errors. First, the assumption of time-invariance used in Section 2.2.1 as the method for inverting roughness is violated in the event of rain, because the roughness in fact changes due to changes in penetration depth or a film of standing water formed by rain (0.4 mm/d, according to the field measurements). In addition, Figure 2 also supports this. A large difference (model-minus-SAR retrievals) in Figure 6c overlaps with the difference in soil moisture retrievals between Figure 2a ,b in Section 3.1 arising from difference in roughness conditions. Based upon consistency between this Section, and Section 3.1, it is considered that Figure 6c further supports the finding that the overestimation of SAR soil moisture is related to roughness. 
A calibrated model is illustrated in this section to spatially characterize the systematic biases of SAR retrievals. Although the model is the best estimation in Figure 5 , the model usually contains uncertainties in input data quality for the spatial variability of rainfall and emissivity, the vertical heterogeneity of subsurface soil and hydraulic properties, or land surface parameterization [32] . However, such model uncertainties were considered to be removed in this study by a calibration, based upon the lowest RMSEs (0.0259 m 3 /m 3 ) in Figure 5 . A detailed calibration scheme was previously provided by [28] . The entire study area was estimated to be mostly dry by a calibrated SVAT model in Figure 6a , while the SAR-retrieved surface soil moisture in Figure 6b was estimated to be much higher than that. The model estimation of those was considered more reliable, based upon the time-average field measurements of soil moisture at 0.0614 m 3 /m 3 during experimental period, and the lowest RMSEs in Figure 5 . A spatial average of SAR surface soil moisture was much higher at 0.1140 m 3 /m 3 than that of a calibrated SVAT model at 0.0565 m 3 /m 3 . This SAR overestimation in Figure 6b is attributed to the 
Spatial Comparison between SAR Retrievals and Data Assimilations
The spatial distributions of EnOI are shown in Figure 7a , while those of EnKF are in Figure 7b . To measure differences in them, the analysis departures (SAR observation-minus-data assimilation analysis, Desroziers et al. [50] ) were calculated. The analysis departure of the EnKF scheme was slightly larger at 0.04 m 3 /m 3 than that of the EnOI scheme at 0.03 m 3 /m 3 , meaning that the stationary ensemble evolved towards the SAR soil moisture. Figure 8a further shows that both data assimilation schemes successfully provided the intermediate values of spatial averages between two extreme estimates of SAR retrieval and a calibrated model. In specific, the spatial average of the EnOI scheme (stationary ensemble with no time evolution) was lower at 0.1048 m 3 /m 3 than the SAR retrievals at 0.1140 m 3 /m 3 . However, it was higher than that of the EnKF scheme (sequential ensemble evolution) at 0.0717 m 3 /m 3 which was closer to a calibrated SVAT model at 0.0565 m 3 /m 3 . It was found that a spatial average of the sequential ensemble scheme better reached that of the calibrated model considered as the best estimation in this study. This implies that although the overestimation of the original SAR data were, to some degree, reduced by the stationary ensemble scheme in Figure 7a , there was more mitigation by the sequential ensemble evolution scheme. Thus, it was suggested that the sequential ensemble scheme has a better tolerance to SAR retrieval biases than the stationary ensemble scheme. This difference is due to the ensemble evolution scheme. In Figure 8b , the EnKF made a consistent error reduction, while the EnOI underwent unstable error evolutions. This result is consistent with previous findings that introduced the EnOI scheme as a cost-effective but suboptimal alternative to a sequential EnKF, and that the EnKF scheme outperforms the EnOI scheme [40, 51] . 
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Future research may compare a performance of the 4-dimensional variational data assimilation with that of ensemble Kalman filter with respect to the same SAR observational errors in sub-optimal but more realistic conditions.
Conclusions
There is no perfect satellite bias correction method for satellite data assimilation yet, although roughness errors are unavoidable in SAR retrievals. In this context, the impact of the SAR roughness errors on the performance of ensemble data assimilation were examined. To this end, a sensitivity analysis first suggested that the main SAR soil moisture retrieval errors are most likely originated from uncertainty in a priori roughness information. This effect was found larger than vegetation attenuation or other backscattering measurement errors. Next, we also monitored how stationary and sequential ensembles evolve those SAR soil moisture retrieval errors.
The results show that both ensemble data assimilation schemes reconciled the overestimation of SAR data and underestimation of the SVAT model. However, there was a difference in convergence, because of the difference in the ensemble evolution scheme. The spatial average of the sequential ensemble scheme in EnKF was closer to a calibrated SVAT model with the lowest RMSEs, while that of the stationary ensemble was closer to erroneous SAR observations with the highest RMSEs. These results suggest that the stationary ensembles are relatively more vulnerable to SAR retrieval biases than the sequential ensembles that are able to make a self-correction of satellite observational errors. Consequently, this inherent nature of EnKF being more tolerant to satellite biases may suggest operational merits, as compared to other types of data assimilations such as a variational data assimilation or optimal interpolation. Therefore, the needs of each data assimilation scheme for a satellite bias correction may be different.
